Abstract
Introduction
Magnetic resonance image (MRI) technology has been widely applied to medical diagnosis systems and the accuracy of many diagnosis systems are mainly based on the quality of the images acquired [1] . However, the images obtained by magnetic resonance imaging usually contain heavy noise and the noise in the MRI degrades the quality of the images, so the post-processing of the images such as segmentation, classification and the detection become difficult [1] [2] . It is necessary to remove noise or reduce noise before image segmentation, image classification and detection.
The ultimate goal of the noise removal methods in MRI is to obtain piecewise constant, or slowly varying signals in homogeneous tissue regions while preserving tissue boundaries.
However, no single method has shown to be superior to all others regarding noise removal, boundary preservation, robustness, user interaction, applicability to the different magnetic resonance acquisitions techniques, and computation cost [3] [4].
Thus, improvements are still needed though remarkable progress has been made in the past few decades.
In the literature, researchers proposed a lot of algorithm on the problem of the image noise removal with important feature preservation [2] [3] [4] [5] [6] [7] [8] [9] .In [5] , Perona and Malik developed an anisotropic diffusion scheme for image smoothing. The basic idea of this nonlinear smoothing scheme was to smooth the image while preserving the edges in it. The results of their approach were visually impressive. However, their model had several serious, practical, and theoretical difficulties. Assume that the signal is noisy, then the noise introduces very large, in theory unbounded oscillations of the gradient u . Thus, the conditional smoothing introduced by the model will not give good results, since all these noise edges will be kept , another difficulty arose from the equation itself; this equation is an ill-posed problem. In [6] , Rudin, Osher and Fatemi (ROF) proposed the well known Total Variation(TV) minimization method for recovering images with sharp edges. A superior advantage of TVnorm regularization is that discontinuities are allowed. However, it has been shown that TV-norm transforms smooth signal into piecewise constants, the so-called staircase effect [3] , [7] [8] [9] . This effect is visually unpleasant and is likely to cause computer vision system to falsely recognize as edges the boundaries of different blocks that actually belong to the same smooth area in the original image. To overcome this spurious effect, higher-order PDEs have been of special interest over the last few years [3] [4] , [7] [8] [9] . The theoretical analysis revealed that fourth-order nonlinear diffusion damps oscillations much faster than second-order diffusion, so it is better to recover smooth regions.
This paper proposes the use of fourth-order PDE as a technique to avoid blocky effects while good tradeoff between noise removal and edge preservation and gives the application of the MRI. Section 2 of this paper introduces the TV noise removal method and proposes our fourth-order PDE for noise removal and edge preservation method. Section 3 presents numerical examples of the proposed fourth order and the other method, and the paper is concluded in Section 4. 
Method

Total Variation (TV) minimization method
was first proposed by Rudin, Osher and Fatemi [6] . It does an excellent job in preserving edges in image restoration and reconstruction. Mathematically this is reasonable, since images always have jumps or discontinuities; it is natural to study this minimization problem in the space of functions with bounded variation. This phenomenon can also be explained physically, since the corresponding diffusion is orthogonal to the gradient of the image. The TV model and adaptive total variation model has been studied extensively [10] [11] , moreover, they have been proved to be efficient for preserving edges in image restoration. But it evolves an observed image toward a step image and is the major reason for suffering from blocky effects or staircase effect [12] [13] . 
The Proposed Method
The details of the numerical algorithm for model (2) are given in the following ( the subscripts j i, are
The proposed fourth-order PDE evolves an observed image toward a piecewise planar image which is a better approximation to natural images. The processed images look less blocky and more natural. The results obtained by our model are compared with those of the TV model as well as the conference [7] model and [3] model.
Numerical experiments
We now demonstrate the performance of the proposed fourth-order PDE. We use the finite difference method to process images and compare the results. The images shown in the Fig 1 (a) denoising result of TV model , signal noise ratio (SNR) is 16.0084, (f) represents the noisy Lena image denoising result of TV model, SNR is 9.8103, (g) represent the noisy brain image denoising result of reference [7] , SNR is 13.7958, (h) represent the noisy Lena image denoising result of reference [7] , SNR is 9.2384, (i) is the brain image denoising result of Conference paper [3] , SNR is 14.4778, (j) is the Lena image denoising result of Conference paper [3] method, SNR is 9.1333, (k) represent the noisy brain image denoising result of the proposed method , SNR is 16.0663, (l) represent the noisy Lena image denoising result of the proposed method, SNR is 13.1609.(m) represent the second noisy brain image , SNR is 10.4476, (n) represent the TV model result of figure(k), SNR is 14.2231, (o) represent the denoising result of reference [7] , SNR is 11.6697, (p) is the denoising result of referecnc [3] , SNR is 12.5197, (q) is our method denoising result, SNR is 15.1469. (r) represent the third noisy brain image, SNR is 4.4589, (s) is the denoising result by using of TV model , SNR is 10.7904, (t) is the result about the reference [7] , SNR is 9.5498, (u) is the result of reference [3] , SNR is 9.8117,( v) is our method denoising result , and the SNR is 11.4371.
. Experiment images and experiment results
Comparing with TV model and the reference [3] , [7] , our proposed method doesn't produce staircase effect, and doesn't produce false edges, moreover, don't have speckle artifacts, so don't need to postprocess to remove speckles. Moreover, we observe that the proposed model has a higher SNR than other methods; and in the same time, the image processed by the proposed method is smoother than other image processed by other methods.
In order to better understand the behavior of the proposed model in local regions especially with smooth signals, regions with discontinuities and piecewise constant signals, we illustrate the following local results which are zoomed in. A small part of the Lena image is shown in Fig.2 . Here, a)is original image, b) is the noisy image, c) TV method denoising result, d) paper [3] denoising result, e) paper [13] denoising result, f)our denoising result. It is clear that TV model transforms smooth regions like cheek into piecewise constant regions. Since TV model favors piecewise constant solutions, the smooth regions like face seems blocky and not natural after processed by TV model. However, the method of paper [3] causes blurring of the face. The image processed by the proposed method is much clearer than the denoising result of Paper [13] , such as nose and mouth.
Conclusion
A class of fourth-order partial differential equation is derived as a process that seeks to minimize a functional, The experiment result of the proposed method look more natural than the results generated by the TV model and the reference [7] as well as [3] , [13] , moreover, the SNR is higher than the other methods.
